Consecutive traffic signalized intersections can increase vehicle stops, producing vehicle accelerations on arterial roads and potentially increasing vehicle fuel consumption levels. Eco-driving systems are one method to improve vehicle energy efficiency with the help of vehicle connectivity. In this paper, an eco-driving system is developed that computes a fuel-optimized vehicle trajectory while traversing more than one signalized intersection. The system is designed in a modular and scalable fashion allowing it to be implemented in large networks without significantly increasing the computational complexity. The proposed system utilizes signal phasing and timing (SPaT) data that are communicated to connected vehicles (CVs) together with real-time vehicle dynamics to compute fuel-optimum trajectories. The proposed algorithm is incorporated in the INTEGRATION microscopic traffic assignment and simulation software to conduct a comprehensive sensitivity analysis of various variables, including: system market penetration rates (MPRs), demand levels, phase splits, offsets and traffic signal spacings on the system performance. The analysis shows that at 100% MPR, fuel consumption can be reduced by as high as 13.8%. Moreover, higher MPRs and shorter phase lengths result in larger fuel savings. Optimum demand levels and traffic signal spacings exist that maximize the effectiveness of the algorithm. Furthermore, the study demonstrates that the algorithm works less effective when the traffic signal offset is closer to its optimal value. Finally, the study highlights the need for further work to enhance the algorithm to deal with over-saturated traffic conditions.
I. INTRODUCTION
Over the past decades, the heavy volume of passenger cars and trucks has led to a significant increase in vehicle energy consumption and emissions. In 2016, the transportation sector consumed 28.7% of the total energy consumption in the U.S., 84% of which was consumed by passenger cars, trucks, and buses [1] . The urgent need to reduce transportation sector fuel consumption levels requires researchers and policy makers to develop various advanced fuel-reduction strategies. Ecodriving is one viable and cost-effective strategy to improve fuel Manuscript efficiency in the transportation sector [2] . The main premise behind eco-driving is to provide real-time driving advice to individual vehicles so that drivers can adjust their driving behavior or take certain driving actions to reduce vehicle fuel consumption and emission levels. Generally, most ecodriving strategies work by providing real-time driving advice, such as advisory speed limits, recommended acceleration or deceleration levels, speed alerts, etc. To date, numerous studies have indicated that eco-driving can reduce fuel consumption and greenhouse gas (GHG) emissions by approximately 10% on average [3] .
The major causes of high fuel consumption levels and air pollutant emissions generated by vehicles have been widely investigated. Frequent accelerations associated with stop-andgo waves [4] , [5] , excessive speed (over 60 mph), slow movements on congested roads [6] , [5] , and extra idling time all dramatically increase fuel consumption and emission levels. Consequently, it is clear that reducing speed and movement fluctuations and reducing idling time are two critical ways to reduce fuel consumption levels.
In general, eco-driving research can be categorized into freeway-based and arterial-based strategies. On freeways, the traffic stream is continuous, and vehicles are rarely affected by traffic signals (i.e., a vehicles can travel to a particular destination without any extra constraints, with the exception of on and off ramps). Generally, eco-driving strategies on freeways compute advisory speed [7] or speed limits [8] , [9] , [10] , [11] for drivers with the help of vehicle-to-infrastructure (V2I) or vehicle-to-vehicle (V2V) communications, and alter driving behavior to minimize vehicle fuel consumption levels. Wang et al. [12] applied cooperative adaptive cruise control (CACC) to construct vehicle platoons to achieve the goal of minimizing platoon-wide energy consumption on uninterrupted roads. Unlike freeways, arterial roads have traffic control devices that routinely interrupt the traffic stream. Vehicles are forced to stop ahead of traffic signals when encountering red indications, producing shock waves within the traffic stream. These shock waves in turn result in vehicle acceleration/deceleration maneuvers and idling events, which increase vehicle fuel consumption and emission levels. Most research efforts have focused on optimizing traffic signal timings using traffic volumes and vehicular queue lengths [13] , [14] . Recently, by developing connected vehicles (CVs), individual vehicles can be controlled to minimize fuel consumption levels. CV technology enables vehicles to exchange road traffic information, and to communicate with traffic signal controllers to receive signal phasing and timing (SPaT) information [15] , which can be applied to estimate fuel-optimized arXiv:2001.01117v1 [eess.SY] 4 Jan 2020 trajectories for vehicles traveling on arterial roads.
In the past decade, environmental CV applications have attracted significant research interest. Most of these efforts assist drivers in their travel along signalized intersections by providing fuel-optimized trajectories. Mandava et al. [16] , Barth, et al. [17] , and Xia et al. [18] developed an Eco-Approach and Departure (EAD) application, which included a velocity planning algorithm based on traffic signal information to maximize the probability of encountering a green indication when approaching multiple intersections. The algorithm attempted to reduce fuel consumption levels by minimizing acceleration/deceleration durations while avoiding complete stops. In addition, Altan et al. introduced a Glidepath prototype to realize the EAD system in the field [19] . It should be noted, however, that decreasing the time spent in acceleration/deceleration maneuvers does not necessarily imply reducing fuel consumption levels. To solve this problem, optimum speed profiles are computed for probe vehicles to reduce fuel consumption levels [20] , [17] . Asadi and Vahidi applied traffic signal information to estimate optimal cruise speeds for probe vehicles to minimize the probability of stopping at signals during red indications [21] . Rakha and Kamalanathsharma constructed a dynamic programming based fuel-optimization strategy using recursive path-finding principles, and evaluated it with an agent-based model [22] , [23] , [24] . De Nunzio et al. used a combination of a pruning algorithm and an optimal control approach to find the best possible green wave if the vehicles were to receive SPaT information from multiple upcoming intersections [25] . In addition, some practical applications, such as Green Light Optimized Speed Advisory (GLOSA) [26] , [27] , [28] , [29] systems and eCoMove [30] , were developed to estimate optimal advisory speeds for individual vehicles proceeding through single and multiple traffic signals to minimize delay and fuel consumption levels. Furthermore, various smartphone applications have been developed to provide eco-driving assistance systems for vehicles in the vicinity of signalized intersections [31] , [32] . However, the studies above only attempt to minimize idling time and smooth acceleration/deceleration maneuvers without considering the impact of surrounding traffic. While in reality, the idling events are determined not only by the SPaT information, but also by vehicle queues at traffic signals.
To examine the impact of surrounding traffic, Qian, et al. applied micro-simulations to evaluate the effectiveness of ecodriving with moderate acceleration/deceleration levels while discharging from a queue [33] , [34] . Chen [35] and Jin [36] estimated the optimal speed profiles for individual vehicles with the consideration of vehicle queues and road grades. Xia et al. [37] and Hao et al. [38] improved the EAD system with the consideration of surrounding traffic to estimate vehicle speed profiles. However, these studies assumed that the queue length are given or can be detected by other sensors. While, this assumption is not quite realistic, as the queue length ahead of intersection changes over time, and the queue is not easy to be detect especially at low market penetration rates of connected vehicles. Consequently, without integrating the queue estimation in the algorithm development, it will be very difficult to implement the systems in the real world. Moreover, they only focus on optimizing the speed profiles of probe vehicles upstream of the intersection, but ignore accelerating behaviors after the signal turns to green, which contributes to more fuel usage for vehicles proceeding through intersections. Wang et al. developed a cluster-wise cooperative EAD application to improve both energy efficiency of individual vehicles and intersection throughput by generating vehicle clusters [39] . However, this application requires a 100% market penetration rate of connected cars. In [40] , [41] , an eco-driving algorithm at a single intersection was developed that predicts the vehicle queue and considers downstream accelerating behaviors. However, the algorithm only minimized fuel consumption for vehicles proceeding through a single intersection, which restricted its applications on arterial corridors with multiple consecutive intersections. In [42] , a multi-stage optimal signal control system was applied to obtain the optimal vehicle trajectory through multiple intersections with the consideration of vehicle queues. However, the system becomes very complex when more than two intersections are considered.
In this paper, we extend the eco-driving algorithm proposed in [40] , [41] to multiple signalized intersections. We first develop the algorithm with the consideration of both SPaT and vehicle queue information to compute fuel-efficient vehicle trajectories in the vicinity of two or more consecutive intersections. Subsequently, the algorithm is implemented and tested in the INTEGRATION simulator [43] . A comprehensive sensitivity analysis of a set of variables, including the market penetration rates (MPRs), demand levels, phase splits, offsets, and traffic signal spacings, is presented to quantify the potential benefits of the proposed algorithm. This testing is conducted on an arterial road with four signalized intersections and a grid network composed of 16 signalized intersections. In summary, the major contributions of the paper are: (1) Developing a vehicle eco-drive system that considers multiple downstream traffic signals in computing energy-efficient vehicle trajectories. The system is proven to be more efficient than a previously developed system for each intersection in isolation. This contribution is critical given that in urban areas traffic signals are typically closely spaced and thus produce interacting effects; (2) Designing a modular system that can operate efficiently in large networks without significantly increasing the computational complexity, thus enabling realworld implementations; and (3) Testing the system to identify the most efficient settings to maximize the performance of the proposed eco-driving system and identify its limitations.
In terms of the paper layout, Section II develops an ecodriving algorithm for multiple intersections taking vehicle queues into consideration. Section III evaluates the algorithm with INTEGRATION in networks with two and four intersections. Section IV includes a comprehensive sensitivity analysis of a set of variables applied in the algorithm. Finally, section V provides the conclusions of the study.
II. ECO-DRIVING AT MULTIPLE INTERSECTIONS
In this section, the eco-driving algorithm proposed in [40] , [41] is extended to consider multiple intersections. The ecodriving algorithm utilizes SPaT data obtained via V2I communications to compute fuel-optimized vehicle trajectories in the vicinity of a signalized intersection. The trajectory is optimized by computing an advisory speed limit 1 using the eco-driving algorithm, which takes the vehicle queue upstream of the intersection into consideration. However, the trajectory is only optimized for a single intersection. When traveling through multiple intersections, however, the trajectory may not minimize the vehicle's fuel consumption. [40] , [41] , applying the eco-driving algorithm for multiple intersections with the consideration of vehicle queues (Eco- 1 The proposed system provides an advisory speed to the connected vehicles. This advisory speed is overridden when the desired headway is violated similar to on the market ACC systems. This ensures that no collisions occur and that the vehicle does not violate the car-following recommendations.
MS-Q), the vehicle cruises to each intersection with a constant speed (see the dashed green line in Figure 1 (a)). Figure 1 (b) compares the speed profiles of the vehicle with (green line) and without (black line) control considering both acceleration and deceleration durations. Without control, the vehicle has to stop completely at the first intersection. Between the two intersections, the vehicle first accelerates to the speed limit and then decelerates to 0 again. The stop-and-go behaviors and the long idling time waste considerable energy. However, with control, the vehicle decelerates to a speed, v c,1 , and cruises to the first intersection. Between the two intersections, it decelerates or accelerates from v c,1 to v c,2 , and cruises to the second intersection. Here, v c,1 and v c,2 are the cruise speeds to the first and second intersection, respectively. Once the queue at the second intersection is released, the vehicle accelerates to the speed limit. Compared to the base case without control, both the trajectory and the speed profile with the Eco-MS-Q system enabled are much smoother.
The objective of developing the Eco-MS-Q algorithm is to minimize the vehicle fuel consumption level in the vicinity of multiple intersections. In addition to the shape of the vehicle speed shown in Figure 1 (b), the algorithm determines the optimum upstream acceleration/deceleration levels of the controlled trajectory in Figure 1 
: the vehicle fuel consumption rate at any instant t computed using the Virginia Tech Comprehensive Powerbased Fuel Consumption Model (VT-CPFM) [44] (see Eq (2)); • v(t): the advisory speed limit for the equipped vehicle at time t; • a k : the acceleration/deceleration levels for the advisory speed limit, k = 1, 2, 3; • v 0 : the speed of the vehicle when it enters the upstream control segment of the first intersection; • v f : the road speed limit; • d 1 : the length of the upstream control segment of the first intersection; • d 2 : the distance between the two intersections; • d 3 : the length of the downstream control segment of the second intersection; • t g,1 : the time instant that the traffic signal indication at the first signal turns green; • t g,2 : the time instant that the traffic signal indication at the second signal turns green; • t k : the time instant defined in Figure 1 
• v c,1 : the cruise speed to the first intersection;
• v c,2 : the cruise speed to the second intersection; • q 1 : the queue length at the first immediate downstream intersection; • q 2 : the queue length at the second immediate downstream intersection; • w 1 : the queue dissipation speed at the first immediate downstream intersection; • w 2 : the queue dissipation speed at the second immediate downstream intersection; • a s − : the deceleration level; • a s + : the acceleration level. F (v(t)) is a function of speed v(t), defined by the VT-CPFM model [44] , to estimate the fuel consumption rate based on the vehicular speed and acceleration level.
where, {α 0 , α 1 , α 2 } are vehicle-specific coefficients. P (t) is the vehicle power at time t, and is a function of the vehicle speed and acceleration.
.
(2c) Here, R(t) is the resistance force of the vehicle, and ξ(t) is the gear ratio, and G(t) is the road grade at time t. m, ρ a , η d , C D , C h , A f represent the vehicle mass, air density (1.2256 km/m 3 at sea level and a temperature of 15C), the vehicle drag coefficient, the correction factor for altitude, and the vehicle frontal area, respectively. C r , c 1 , c 2 are rolling resistance parameters that vary as a function of the road surface type, road condition, and vehicle tire type.
Eq(1b) demonstrates that given the traffic state, including queue lengths, the start and end times of the traffic signal indications of the two intersections and the approaching speed of the controlled vehicles, the speed profile varies as a function of the acceleration/deceleration levels, {a 1 , a 2 , a 3 }. Eq(1)(ce) demonstrates that the equipped vehicle decelerates to v c,1 and travels through the first intersection just when the queue is released. Eq(1)(f-h) demonstrates that the vehicle travels the second intersection when the queue is released. Eq(1)(ij) shows how the vehicle accelerates back to the speed limit. The Eco-MS-Q algorithm searches for the three acceleration levels that minimize the fuel consumption of the controlled vehicle over the entire control section. The flow chart of the Eco-MS-Q algorithm is illustrated in Figure 2 , and the details of the algorithm, including how it is extended to N consecutive intersections (labeled as 1, 2, · · · , N from upstream to downstream), is described below.
1) When an equipped vehicle k enters the upstream control segment of the first intersection-i.e., the distance between the vehicle and the stop line of the intersection 1 (the first upstream intersection) is less than d 1 , the Eco-MS-Q algorithm is activated. 2) Upstream of the first intersection 1 or the section between the intersection i − 1 and i, i = 2, 3, · · · , N . The algorithm estimates the optimal vehicle trajectory to proceed through the intersections using SPaT data and vehicle queue information 2 . The algorithm categorizes the traffic condition into three scenarios, and controls the vehicle differently in each scenario. a) If the equipped vehicle can proceed through its immediate downstream intersection, i, at its current speed v 0 or at the speed limit v f , the algorithm imposes no constraints on the vehicle movement setting the maximum speed as the road speed limit. b) If the equipped vehicle is stopped by the immediate downstream traffic signal, i, either because of its red indication or the presence of a queue, but it can proceed through the second intersection, i+1 without stopping, or i = N , the eco-driving algorithm of a single intersection proposed by [40] is applied to the equipped vehicle using the SPaT and the queue information from intersection i. The optimal trajectory is estimated for the equipped vehicle to proceed through the intersection. c) If the equipped vehicle is stopped by the red indication or the queues at the two immediate downstream intersections, i and i + 1, the optimization problem described in Eq(1) is applied to find the optimal trajectory for the vehicle to proceed through both intersections. The function estimates three optimal acceleration/deceleration levels {a * 1 , a * 2 , a * 3 } of the trajectory for the equipped vehicle to minimize the total fuel consumption.
3) Downstream of intersection N , the algorithm computes the fuel-optimum acceleration level from its current speed to the speed limit v f over the distance d 3 . 4) Once the equipped vehicle passes intersection N , and its distance to the intersection is larger than d 3 , the Eco-MS-Q algorithm is deactivated. The Eco-MS-Q algorithm described above applies vehicle queue information in the estimation of the optimal trajectory. However, if there is not sufficient information from V2I communications to estimate vehicle queues, the algorithm can be simplified by only using SPaT information. For that case, we developed the eco-driving algorithm without the consideration of queue (This algorithm is Eco-MS-O.), where the queue lengths are all assumed to be 0, i.e., q 1 = q 2 = 0 in Eq(1). In the following sections of this paper, the two algorithms will be compared to quantify the benefits of introducing queues in the formulation.
Note that, in the proposed Eco-MS-Q system, we only look ahead at two downstream intersections at a time. There are two major reasons for us to introduce this design. First, with more intersections, there are more variables, i.e., the solution space and variables increases significantly. The computational cost will increase exponentially as the number of variables increases. Consequently, it will not be easy to look ahead at too many intersections at the same time. Second, more importantly, the search of the optimal trajectory for the controlled vehicle relies on the prediction of the vehicle queue length ahead of the intersections, and the queue length of each intersection is predicted at the time when the vehicle arrives at the intersection. With multiple intersections, the queue length estimation of the further downstream intersections will be less accurate and thus may produce erroneous recommendations. Hence, the trajectory estimation will be less efficient or even meaningless to minimize the fuel consumption, which makes the consideration of more intersections futile.
Note that the proposed system only provided advisory speed limits to connected vehicles. In the implementation of the porposed system, a connected vehicle first determine its desired speed using a car-following model. In this paper, the the INTEGRATION microscopic traffic simulator [43] is applied, and the embedded the Rakha-Pasumarthy-Adjerid (RPA) model [45] is implemented to model car-following behaviors. The model estimates the speed of each vehicle based on the location and speed information of itself and its leader. It also has a collision avoidance component to guarantee collision-free travel. Once the speed of the vehicle is determined by the car-following model, the advisory speed limit from the proposed system is applied. If the speed of the vehicle is higher than the limit, the vehicle will further decelerate to the limit. If the speed is lower, the limit will not be applied. This advisory limit will ensure the driving safety of the connected vehicles.
III. EVALUATION OF THE ECO-MS-Q ALGORITHM
This section implements and evaluates the benefits of the proposed Eco-MS-Q algorithm within INTEGRATION. The simulator is capable of modeling the traffic signal control system and the movements of individual vehicles. In this section, the proposed algorithm is implemented on networks with 2, 4, and 16 intersections to test its impacts on individual vehicle dynamics, to estimate its benefits on vehicle energy, and to check its feasibility on larger networks.
A. Impact on Equipped Vehicles
As a starting point, a simple network of two intersections defined in Figure 3 is simulated. The simulation is conducted for one-way movement where vehicles are loaded from one origin to one destination only. In the experiment, the speed limits are 80 km/h, and the road saturation flow rates are set at q c = 1600 veh/hr/lane (veh/h/lane) for all links. In addition, we assume that there is a reliable and perfect vehicle-to-signal communications with DSRC devices, and it does not have any packet loss and the communication latency is negligible. Assume that the distance between the two intersections in Figure 3 is d 2 = 1000 meters, the upstream control segment length of the first intersection is d 1 = 500 meters, and the downstream control segment length of the second intersection is d 3 = 200 meters. 3 The number of lanes of all links is set as one. In the first simulation, vehicles are only loaded from east (left end) to west (right end) at the rate of 600 veh/h/lane, and 10% of them are equipped with the Eco-MS-Q algorithm (with the consideration of queues). For the SPaT information, the cycle lengths of both signals are 120 seconds, and the durations of the green, amber, and all red indicators of the through traffic for the first and second signals are all 61, 4 and 2 seconds, respectively. The offset of the second signal with respect to the first one is 75 seconds. 4 The equipped vehicles receive advisory speed limits from the algorithm, which is updated every second. Figure 4(a) compares the trajectories of one equipped vehicle before and after applying the Eco-MS-Q algorithm. Compared to the trajectory without control, the trajectory (location between 500 meters and 2200 meters) is much smoother when the algorithm is applied. Figure 4(b) compares the speed profiles of the vehicle before and after applying the algorithm. Similar to Figure 1(b) , the equipped vehicle slows down and cruises to the first intersection at a lower speed, and passes the intersection without stopping. Between the first and second intersections, it accelerates to another cruise at a moderate acceleration level and passes the second intersection without stopping. The standard deviations of the speed profiles before and after applying the algorithm are 34.2 km/h and 22.1 km/h, respectively, i.e., the speed oscillation is reduced by as high as 30%. In addition, the fuel consumption levels before and after applying the algorithm are 0.146 liter/km and 0.113 liter/km, respectively, demonstrating that the algorithm reduces vehicle fuel consumption by approximately 22.5%.
Note that in Figure 4(b) , after applying the algorithm, the equipped vehicle's speed still drops ahead of the traffic signals and fluctuates significantly, even though the vehicle does not come to a complete stop. This fluctuation is caused by the inaccurate estimation of the vehicle queue lengths, q 1 and q 2 , and the queue dissipation speeds, w 1 and w 2 . In the Eco-MS-Q algorithm, these variables are estimated utilizing a kinematic wave model based on road properties, including: the road saturation flow rate, jam density, and critical density [40] . However, in the microscopic simulations, due to the randomness of vehicle dynamics, the estimation cannot be accurate. Hence, the advisory speed limits calculated by the Eco-MS-Q algorithm cannot perfectly smooth the movements of equipped vehicles, and oscillations occur when they travel through the intersections. In the future, with the help of vehicle-to-vehicle communications, queue lengths and queue dissipation speeds can be monitored in real-time to improve the estimation of the advisory speed limits and reduce the vehicle oscillations. 3 As the transmission range of DSRC can be up to 1000 meters [46] . In this paper, we assume that the transmission range is long enough (>500 meter) to cover vehicles within both the upstream and downstream control segments to build reliable communications with the signal. 4 The optimal offset of the second signal is 45 seconds. Here we introduce a sub-optimal offset to evaluate the performance of the Eco-MS-Q algorithm when the equipped vehicles experience two stops. The 75-second offset gives a high probability for us to observe two stops for one equipped vehicle. 
B. Testing of Eco-MS-Q Algorithm for Two Signalized Intersections
In this section, we evaluate the benefit of the proposed algorithm on the network-wide fuel consumption levels, and compare the algorithms with and without the consideration of vehicle queues (Eco-MS-Q and Eco-MS-O) for different MPRs of equipped vehicles. In addition, the algorithms are compared with those proposed in [40] , [41] for independent intersections (Eco-1S-Q and Eco-1S-O).
The network settings in section III.A are also applied in this section. For the multiple intersection control algorithms (Eco-MS-Q and Eco-MS-O), the equipped vehicles are under control once they are within 500 meters ahead of the first intersection and within 200 meters after the second intersection for the two Eco-MS algorithms. For the single intersection control algorithms (Eco-1S-Q and Eco-1S-O), the equipped vehicles are under control once they are within 500 meters before each intersection and 200 meters after each intersection. This simulation was done with a single-lane network, which prevents lane changing or vehicle over-taking maneuvers. The demand for the network is still 600 veh/h/lane, i.e., 1200 veh/h for the two lanes, and the SPaT plans of the two signals in section 3.1 are also applied. The offset of the second traffic signal is set as 0 seconds. To better evaluate the system performance, the algorithms are tested for different MPRs; only a portion of the vehicles are equipped, while the rest drive normally using standard car-following models. .2% with Eco-1S-Q. In the simulations, the movements of the equipped vehicles are smoothed by the proposed algorithm, and at the same time due to the car-following behavior, the trajectories of some non-equipped vehicles are also smoothed, which further reduces the network-wide fuel consumption levels. Figure 5 also demonstrates that even without the consideration of vehicle queues, the Eco-MS-O and Eco-1S-O algorithms can still produce larger fuel savings as MPRs increase. However, the savings are smaller than those that take queues into consideration. Specifically, without considering queues, the fuel consumption rate is reduced from 7% to 6.1% for the multiple intersection control and from 4.2% to 3.9% for the single intersection control.
In the simulation of the single-lane intersections above, lane changing and over-taking behaviors are not possible; while in reality, links with two or more lanes are common. Accordingly, the impacts of lane changing and vehicle overpassing need to be considered. In the second example, the same settings used in the previous simulation are applied to the same network considering two-lane roadways. Figure 6 compares the fuel consumption savings of Eco-1S-Q, Eco-1S-O, Eco-MS-Q, and Eco-MS-Q algorithms under different MPRs. Unlike the single-lane network, the savings in fuel consumption are not always observed in the two-lane scenarios, especially when the MPR is less than 30%. When MPRs are less than 30%, all algorithms increase the overall fuel consumption levels. The negative impact of the lower MPRs is a result of the lane changing and passing of non-equipped vehicles. As the algorithms only control the equipped vehicles, which are traveling at lower speeds compared to non-equipped vehicles, larger gaps will be generated ahead of them. The non-equipped vehicles, traveling at higher speeds, then have a greater likelihood of changing lanes and cutting into the gaps ahead of the equipped vehicles, increasing traffic stream speed oscillations and thus fuel consumption levels. With 30% MPRs and above 5 , the number of equipped vehicles increases, making it increasingly possible for equipped vehicles to travel sideby-side for the length of the link, preventing lane changing and passing maneuvers, and increasing fuel consumption savings. All algorithms provide positive savings with MPRs higher than 30%. At 100% MPR, the network-wide fuel consumption is reduced by approximately 6.5% for the Eco-MS-Q, 5.8% for Eco-MS-O, 4.2% for Eco-1S-Q and, and 3.2% for Eco-1S-O.
Similar to the single-lane example, the algorithms taking queue effects into consideration always result in better performance for the network with two-lane links. 
C. Testing Eco-MS-Q Algorithm on Arterial Network
In addition to two-intersection networks, the Eco-MS-Q algorithm is also applied to a larger network with more than two intersections. The network in Figure 7(a) , which has four consecutive intersections, is simulated considering a traffic signal spacing of 600 meters. The demand from the west to east is constant at 600 veh/h. For the SPaT plan, the cycle lengths and phase splits of all intersections are 120 seconds and 50%, respectively, and the offsets of all signals are set as 0. For the two-lane network, negative effects of the algorithms are still observed when the MPR is low (< 15% for Eco-1S-Q and < 25% for Eco-MS-Q). When the MPR is larger than 30%, positive savings in fuel consumption can be obtained for both algorithms, and the savings from the multiple intersection control is higher than the single intersection control (even though the difference is not large). At 100% MPR, both algorithms can reduce the fuel consumption by as high as 4.8%. The two simulations also demonstrate the effectiveness of the proposed algorithm on networks with multiple intersections. 
D. Testing Eco-MS-Q Algorithm on Grid Network
In this subsection, the Eco-MS-Q system is implemented and tested on a grid network composed of 16 signalized intersections (see Figure 8(a) ). The scale of the network is 2.5 km × 2.5 km, and the lengths of all links are 500 meters long. The road speed limits, saturation flow rates, and jam densities are all the same at 80 km/h, 2000 veh/h/lane, and 160 veh/km/lane, respectively. In addition, all links have two lanes, except the horizontal links between the nodes 2 and 6 and the vertical links between the nodes 11 and 15. Also, there are one additional left-turn lanes for the links approaching the intersections. Consequently, different intersection geometries, including the crossings of two major roads, two minor roads, and one major and one minor road, are simulated. For the SPaT plan, the cycle lengths are set between 80 seconds and 100 seconds, and the green-to-cycle ratio varies from 0.2 to 0.3 for all phases. Furthermore, vehicles are loaded for all OD pairs combinations. 6 6 The SPaT plan in this scenario is different from the first two scenarios. A more realistic setting is applied here for the grid network to release traffic from all OD pairs. The network is simulated for two hours to evaluate the performance of the proposed Eco-MS-Q system. Figure 8(b) illustrates the fuel consumption savings of connected (greendash line), non-connected (blue-dotted line), and all vehicles (red solid line) for different MPRs. Clearly, with higher MPRs, the fuel consumption savings of all three types of vehicles are larger. When the MPR is 100%, the fuel consumption is reduced by up to 15%. In addition, the results demonstrate that the fuel wasted ahead of the signals are higher. While with the proposed system, the connected vehicles can be more fuel efficient. Consequently, even with two-lane roads, the passing of non-connected vehicles can only reduce the system performance marginally, and the overall network performance can still be improved. Moreover, for the connected vehicles, even for very low MPRs, they can gain very high fuel efficiency. At higher MPRs, the improvement is marginal. Furthermore, with the control, the connected vehicles always outperform non-connected ones. On the other hand, the fuel consumption of the non-connected vehicles can also be reduced as a result of the improved network performance.
This trend in Figure 8(b) is a little different from the previous examples for the two-lane roads. Several explanations can explain these observed differences. First, there exist some minor roads and left turning traffic at the intersections, which can only travel in a single lane. Consequently, connected vehicles traveling on the minor roads or making left turns, always incur positive savings that impact both connected and non-connected vehicles. Second, due to the complexity of the network, many vehicles travel on routes with left turns and/or minor roads. So, even though they consume more fuel on major roads at lower MPRs, they also consume less fuel for left turning traffic and on minor roads, and the combined effect can potentially result in overall fuel savings. Third, in the grid network, all signals have more than two phases, and the green split of each phase is smaller than that in the first two scenarios. The smaller green split produces longer idling times during the red indication and higher probability of stopping, as well as higher fuel consumption. The proposed algorithm can avoid the negative impact of the smaller green split. Consequently, the fuel savings can be higher than the two scenarios in Section III.B and C. Hence, considering the three factors, the savings can be positive even at low MPRs in the grid network.
IV. SENSITIVITY ANALYSIS
This section conducts a sensitivity analysis of variables applied in the proposed eco-driving algorithms, including the traffic demand levels, phase splits, offsets between two consecutive signals, and intersection spacings. In addition, the impact of over-saturated traffic on the algorithm is assessed. Moreover, the Eco-1S-Q and the Eco-MS-Q algorithms are compared to identify the advantage of the multiple intersection control. To complete the analysis, the network in Figure 3 with two intersections is simulated, and link properties, including the road speed limits, the road saturation flow rates, the jam densities, and the density at capacity, are the same as that in section III.A. 
A. Sensitivity to Demand Levels
On arterial roads, vehicle demands are directly related to queue lengths ahead of traffic signals and the number of the equipped vehicles in the network, and they play an important role in the performance of the intersections and assessing the the benefits of the eco-driving algorithms. In this section, we examine the fuel efficiency of the Eco-MS-Q and Eco-1S-Q algorithms for different demand levels. The signal settings of the two intersections are the same as those presented earlier in section III.A. 7 In addition, we assume that all vehicles are equipped (i.e., the MPR is 100%), and the demand varies from 100 to 700 veh/h/lane for both algorithms. Figure 9 illustrates the fuel consumption savings of both algorithms as a function of the demand. The results show that under the given settings of the signal plans and the offset, positive savings in fuel consumption can be observed for all demand levels. In addition, for the Eco-MS-Q algorithm, the demand at 400 veh/h/lane results in the best savings for the whole network, about 13.5%. Demands from 400 veh/h/lane to 700 veh/h/lane result in savings of 7% for the Eco-1S-Q algorithm. The savings are a result of the increase in the 7 The 75-second offset is also applied to observed obvious different between the single and multiple intersection control strategies. number of equipped vehicles in the network. However, this simulation only considers demands below the saturated flow (800 veh/h/lane). The implementation of the algorithm in the over-saturated network will be different, and the details will be analyzed in section IV.E. 
B. Sensitivity to Phase Splits
In this study, both Eco-MS-Q and Eco-1S-Q algorithms utilized the SPaT information to compute the optimal trajectories for the equipped vehicles, which indicates the phase splits are highly related to the effectiveness of the algorithms. In this subsection, the impact of the phase splits to the overall network performance is investigated. The simulation settings are the same as those used in the example in section III.A. The demand is constant as 600 veh/h/lane,and the phase split (i.e., the ratio of the total duration of the green and amber indicator to the cycle length) ranges from 35% to 75% for the major road (through traffic from west to east) respect to the total cycle length of 120 seconds. Figure 10 illustrates the fuel consumption savings of both algorithms as a function of the phase split. The figure demonstrates that with longer phase lengths, the fuel savings decrease. With a 35% green split for the major road, the savings reach up to 13.8% for the Eco-MS-Q and 7.2% for Eco-1S-Q. These results are intuitively correct given that with longer phase lengths, the equipped vehicles have less chance of stopping at the traffic signals, resulting in lower fuel consumption savings, as less vehicles have to stop. Consequently, it only needs to control the behaviors of less vehicles for longer phase lengths. In addition, the benefits of the proposed algorithms come from the control of the stopped vehicles. In that sense, the savings of fuel consumption will be smaller.
C. Sensitivity to Traffic Signal Offsets
The offset is important to coordinate multiple intersections and to improve the network performance. Furthermore, the fluctuations in vehicle movements through multiple intersections are directly related to the offset. This section investigates the impact of offsets on the performance of the proposed algorithms. The simulation settings are still the same to the example in section IV.B, except that the phase split is constant at 55%, and the second signal offset with respect to the first varies from 0 to 120 seconds. In this simulation, the distance between the two intersections is 1000 meters, which can be traveled by equipped vehicles within 45 seconds at the freeflow speed, i.e., the optimal offset of the second signal is about 45-50 seconds (with consideration of lost time). Figure 11 illustrates the fuel consumption savings of both Eco-MS-Q and Eco-1S-Q algorithms as a function of the offset. Results indicate that when the offset is closer to the optimal value, the fuel savings obtained from both algorithms decrease. At the optimal offset, the Eco-MS-Q provides the lowest saving of 2.8%, and the Eco-1S-Q 2.5%. The highest savings of fuel consumption can be observed at 13.0% with a 100-second offset for Eco-MS-Q, and 7.3% with a 65-second offset for Eco-1S-Q. These results are expected, as the savings of the algorithms are observed if the equipped vehicles have to stop at both intersections. At the optimal offset, most vehicles only need to stop at the first traffic signal, which results in the least savings for both algorithms. 
D. Sensitivity to the Intersection Spacing
Distance between intersections is another variable affecting the benefits of the proposed algorithm. In this section, the impact of the distance between the intersections is evaluated. The simulation settings are the same at those presented in section IV.C, except that the offset is constant as 75 seconds, and the distance between the two intersections ranges between 200 and 1000 meters. Figure 12 shows the fuel consumption savings for both Eco-MS-Q and Eco-1S-Q algorithms as a function of the intersection spacing. Results indicate that for the given signal plans and demand level, 700 meters is the optimal distance between intersections for both algorithms. The Eco-MS-Q algorithm provides fuel consumption savings of 13.1% for the 700-meters spacing, and the Eco-1S-Q algorithm provides 7.2% savings.
The pattern from the Eco-MS-Q algorithm is determined by the following two factors. (1) With a longer intersection spacing, equipped vehicles can be controlled for a longer time, allowing the algorithms to provide more fuel-efficient trajectories. However, (2) the longer distance makes the prediction of the queue lengths and queue dissipation times at the downstream intersection less accurate, which reduces the effectiveness of the algorithm. Hence, there exits an optimal value for the distance when the Eco-MS-Q algorithm is applied. In addition, with the Eco-1S-Q algorithm, the two intersections are controlled independently. When the distance is large enough, the two intersections can be considered to be isolated. Hence, the benefit from the single intersection control remains constant. 
E. Over-Saturated Demands
In the development of the Eco-MS-Q algorithms, one critical assumption is that the network is not over-saturated, and vehicle queues can be released in a single cycle. Once the network is over-saturated, rolling queues are generated upstream of the intersections. Then, the queue estimation method in [40] cannot determine the queue length and the dissipation time accurately. Consequently, the advisory speed limits are not optimized adequately. [40] showed that the Eco-1S-Q algorithm was unable to obtain positive savings for oversaturated demands. In this section, we investigate the impact of over-saturated demands on the Eco-MS-Q algorithm.
The example in section III.A is applied. The simulation settings are the same, except that the demand increases to 1000 veh/h/lane, which is grater than the capacity of the controlled segment. Figure 13 compares the trajectories of all vehicles before and after applying the Eco-MS-Q algorithm. In Figure  13 (a), most vehicles experience stops at both intersections, and generally the queues at the first intersection cannot be released in one cycle. Figure 13(b) shows the trajectories with 10% equipped vehicles. As shown within the black box in the figure, the algorithm fails to provide the optimum speed limits for the equipped vehicles to proceed through the intersection without stops. The rolling queues caused by the over-saturated demand levels generate traffic fluctuations and complete stops for the equipped vehicles, reducing the benefits of the algorithm dramatically. However, as the inflow to the second intersection is gated by the first one, over-saturation is averted, and fuel consumption savings can still be observed at the second intersection using the proposed algorithm. In the simulation, a 10% MPR actually reduces fuel consumption by about 2.7%. This implies that compared with Eco-1S-Q, the Eco-MS-Q algorithm is more efficient at providing fuel consumption savings under over-saturated demands. 
V. CONCLUSIONS
The research presented in this paper developed an Eco-MS-Q algorithm to minimize vehicle fuel consumption levels traveling through multiple signalized intersections. The algorithm utilizes SPaT information collected via V2I communications and predictions of queues to estimate the optimal vehicle trajectories that are provide and update desired speeds within an ACC system. The algorithm allows CVs to decelerate/accelerate to a constant cruising speed while traversing intersections so as to reduce their fuel consumption levels. The INTEGRATION simulation of the single-lane intersections demonstrated that fuel consumption savings were greater at higher MPRs. The reductions in fuel consumption reached 7% for Eco-MS-Q, compared with 4.2% for Eco-1S-Q, at 100% MPR. In addition, taking the vehicle queue into consideration, the Eco-MS-Q algorithm always performed better than Eco-MS-O. In the case of two-lane approaches, due to lane-changing and passing maneuvers, the proposed algorithm increased the total fuel consumption levels when CV MPRs were less than 30%. Once the MPRs were larger than 30%, positive savings could be observed. In addition, the Eco-MS-Q algorithm was implemented and tested on a four-signal arterial producing fuel consumption savings as high as 7.7% for single-lane roads, and 4.8% for two-lane roads. The algorithm could also effectively increase vehicle energy efficiency in a grid network composed of 16 signalized intersections producing benefits for both CVs and non-CVs. These benefits were observed for all CV MPRs even for multiple lane roadways. CVs always had better performance than non-CVs.
The study also included a comprehensive sensitivity analysis of traffic demand levels, phase splits, offsets, and signalized intersection spacings. The analysis demonstrated that for the given offset of 75 seconds, a 50/50 phase split, and traffic signal spacing of 1000m, loading vehicles at 700 veh/h/lane resulted in the highest fuel consumption savings, of 13.5%. Furthermore, given the offset, the demand and the distance between intersections, with a larger percentage of green allocated to the approach, the savings from the proposed algorithm were smaller. In addition, when the offset was closer to the optimal offset, fuel consumption savings were smaller. Furthermore, the optimal traffic signal spacing exists to maximize fuel consumption savings.
Currently, the proposed algorithm does not operate efficiently for over-saturated intersections due to the impact of rolling queues. In the future, we plan to apply V2V communication to collect more information from individual vehicles and develop a more accurate queue prediction model. We could also introduce a speed harmonization algorithm [47] to restrict traffic entering the intersections to maintain undersaturated traffic conditions at all times. Moreover, we will extend the logic to actuated and adaptive traffic signals. We also plan to conduct a further sensitivity analysis to study the impact of speed limits, number of lanes, and road grades on the system performance. Furthermore, the impacts of wireless communications, such as communication delay, packet loss, and transmission range, will be analyzed. Hesham Rakha (M04, SM18, F20) received his B.Sc. (with honors) in civil engineering from Cairo University, Cairo, Egypt, in 1987 and his M.Sc. and Ph.D. in civil and environmental engineering from Queens University, Kingston, ON, Canada, in 1990 and 1993, respectively. Dr. Rakhas research focuses on large-scale transportation system optimization, modeling and assessment. Specifically, Dr. Rakha and his team have expanded the domain of knowledge (in traveler and driver behavior modeling) and developed a suite of multi-modal agent-based transportation modeling tools, including the INTEGRATION microscopic traffic simulation software. This software was used to evaluate the first dynamic route guidance system, TravTek in Orlando, Florida; to model the Greater Salt Lake City area in preparation for the 2002 Winter Olympic Games; to model sections of Beijing in preparation for the 2008 Summer Olympic Games; to optimize and evaluate the performance of alternative traveler incentive strategies to reduce network-wide energy consumption in the Greater Los Angeles area; and to develop and test an Eco-Cooperative Automated Control (Eco-CAC) system. Finally, Dr. Rakha and his team have developed various vehicle energy and fuel consumption models that are used world-wide to assess the energy and environmental impacts of ITS applications and emerging Connected Automated Vehicle (CAV) systems. The models include the VT-Micro, VT-Meso, the Virginia Tech Comprehensive Fuel consumption Model (VT-CPFM), the VT-CPEM, and the VT-CPHEM models.
